Building footprint geometry is a basic layer of information required by government institutions for a number of land management operations and research. LiDAR (light detection and ranging) is a laserbased altimetry measurement instrument that is flown over relatively wide land areas in order to produce digital surface models. Although high spatial resolution LiDAR measurements (of around 1 m horizontally) are suitable to detect aboveground features through elevation discrimination, the automatic extraction of buildings in many cases, such as in residential areas with complex terrain forms, has proved a difficult task. In this study, we developed a method for detecting building footprint from LiDAR altimetry data and tested its performance over four sites located in Austin, TX. Compared to another standard method, the proposed method had comparable accuracy and better efficiency.
Introduction
Remotely sensed data has become a primary source of information for a number of land management and research activities. The increased spatial resolution of remote sensing data has made it possible to produce detailed inventories of above ground features, such as buildings. Unfortunately, the production of such inventories still relies on much on-screen visual interpretation by human experts. The automatization of such processes is of great value for large-scale applications.
Airborne light detection and ranging (LiDAR) is a technology used routinely for producing high-spatial resolution digital terrain models. LiDAR systems deliver irregularly spaced 3-D points of ground and nonground surfaces. LiDAR measurements have several advantages over traditional aerial photographs and satellite images because they are not influenced by sun shadow and relief displacement [10] . However, datasets tend to be voluminous and not suitable for automated extraction of building information, mainly because many raster image processing techniques cannot be directly applied to irregularly spaced points. To circumvent such limitation, elevation values are usually rasterized. Once Li-DAR measurements are in raster format, the problem consists in discriminating building cells. Such a processing serves as a precursor to form building footprint polygons that can be incorporated in a geographic information system. Two approaches are often utilized to detect building cells from gridded elevation measurements. One is to apply a classification method to separate the ground, buildings, trees, and other features simultaneously [2] . The more popular way is to separate the ground from nonground LIDAR measurements first and then identify the building points from nonground measurements [8, 10] . The proposed method followed the latter approach, building upon a prior work on ground filtering [5] . The rest of the paper presents the theoretical background (Section 2), the method description (Section 3), some results from building detection tests (Section 4) and conclusions (Section 5).
Background
This section summarizes basic theoretical results that are relevant for the proposed building detection method, as well as a standard method used for comparison. The reader is referred to the original sources for further details.
Discrete Hermite Transform
The DHT of a two-dimensional signal z : G → R defined on a grid G ⊆ Z 2 , is comprised by filtered and downsampled versions of the original signal, i.e.,
for n, m = 0, . . . , N, where the analysis functions
for x = −N/2, . . . , N/2, correspond to discrete approximations of Gaussian derivatives. The discrete counterpart of the derivative operator corresponds to the forward difference denoted by Δ. The signal is reconstructed from the DHT representation above as follows:
where the synthesis function are given byb n (x) = 2b n (−x).
The coefficient z n,m (p, q) approximates (up to a normalization factor) the partial derivative of order n with respect to x and order m with respect to y of a Gaussian-smoothed version of the signal z at the location (p, q) ∈ G. The degree of smoothness is controlled through the standard deviation of the Gaussian function, given by σ = √ N/2. In practice, the parameter N takes the values of 2, 4, 6 or 8, whereas a larger degree of smoothing can be achieved through a multiscale DHT, as described in [4] .
Rotated DHT. The rotated DHT [3, 4] is defined in terms of derivatives with respect to a coordinate system (u, v) , that has been rotated by an angle θ with respect to the original coordinate system (x, y). The rotated coefficients at the sampling location (p, q), here denoted by z
n,m (p, q), are expressed as a linear combinations of the original (non-rotated) coefficients z n,m . More specifically,
where the coefficients A m,k correspond to the generalized binomial filters (GBF), a family of discrete sequences with parameters n and θ, which are given by
for m, k = 0, . . . , n, and c = cos(θ) and s = sin(θ). The first few GBF can be expressed using the matrix notation
for n = 1, 2, 3 and 4 respectively. In all the examples presented here, the rotation was set to θ = arctan (z 0,1 /z 1,0 ), which makes the rotated coefficients z 1,0 + z 2 0,1 is proportional to the gradient magnitude.
Region Growing Segmentation
The region-growing segmentation (RGS) method, as applied for building detection in [10] , was used as a benchmark for the proposed building detection method. This RGS is an iterative method that applies a plane-fitting technique to grow regions from seeds. The RGS algorithm requires a non-ground mask of grided elevation values. Then, for each nonground measurement area, inside and boundary cells are identified. If at least one of the eight neighbors of a cell is a ground measurement, the cell is defined as a boundary cell. Otherwise, the cell is an inside cell. The following residual is calculated for each inside cell p 0 (x 0 , y 0 , z 0 ) and its eight neighbors:
where M is a set for the inside cell and its neighbors, and a, b and c are plane parameters estimated through least square. The cell with the minimum residual R is labelled and selected as the first seed cell for region growing. All neighbors of a seed cell are labelled as belonging to the same segment if the deviation between its height and the plane height is under a threshold. A threshold of 0.1 m was used in our implementation. The plane parameters are then updated including the new labelled cells. The neighbors of the grown area are examined further, and the process is continued until no additional cells can be added into the segment. Then, the unlabelled cell with the minimum R is selected as the next seed. The process is repeated until all nonground cells are labelled. After the RGS algorithm was run (and following [10] ), small segments (with less than five pixels) were removed, holes were filled and contiguous segments were merged to form building footprints.
Building Detection
This section provides the details of the proposed building detection method, which can be summarized in two steps. In the first step, a height map for aboveground features is produced. This step requires subtracting the terrain component t(x, y) from the elevation surface z(x, y). The second step consists on separating building cells from vegetation cell on the height map. A description of each step is presented bellow.
Aboveground Features Height
The method used here for generating the terrain component is based on the so-called ground filtering method introduced in [5] , which in turn was based on a multiscale implementation of the DHT [4] . Let {z (k) n,m } denote the multiscale DHT coefficients of the gridded DSM z(x, y) at a generic lattice point, and let g (k) denote the gradient magnitude at the scale index k, for k = 0, . . . , K − 1, where K is the number of pyramid layers of the multiscale DHT. It can be shown that the coefficientŝ
reconstruct a signalt(x, y) that approximates the terrain elevation surface, provided that the multiscale gradient thresholds are selected according to
where m max and Δ max are the maximum terrain slope and maximum terrain elevation difference in the site. In all the tests presented bellow, the number of pyramid layers K of the multiscale DHT decomposition was determined as
where L max denote the maximum length of aboveground features and δ is the cell size of the gridded elevation values. This number of layers assured that large aboveground features were effectively removed.
In the ground mask, a cell (x, y) is assumed nonground if z(x, y) −t(x, y) > , where was set to 0.1 in all tests performed here. Once the ground mask is build, elevation values of detected nonground cells can be interpolated from elevation values of surrounding ground cells to produce a more accurate terrain component t(x, y). Finally, the feature height map is computed as:
The Planar Roof Model
The rationale here is that most roofs are composed of strongly oriented, mainly planar, surfaces, whereas forested areas are not. Hence, the rotated DHT coefficients along the local gradient is essentially distinct for building roofs and trees. Let h
n,m denote the rotated DHT coefficients along the local gradient of the feature height map. Then, building cells can be separated from vegetation cells by thresholding the residual energy term
This residual energy measures the degree to which the local pattern does not conform to a one-dimensional signal (such as a planar surface). As it turns out, E is insensitive to planar roofs because the scale-space derivatives are only sensitive to polynomial variations of the derivation order or above.
In all the tests performed in this study an empirical threshold of 0.15 was used. Building masks so-produced were filtered in a similar fashion as the regiongrowing segmentation masks, so that small segments were eliminated and holes filled.
Results
The datasets used here consisted of grided elevation values from the last return of a laser pulse (Fig. 1, top row) and the actual building footprint from visual interpretation of aerial photography (Fig. 1, 2nd row) . The study selected four representative sites of Austin City in Texas. Further descriptions of acquisition and preprocessing of the datasets are provided in [6] . The building detection results for each inset are illustrated in Fig. 1 (3rd and 4rd rows) . These error maps were built through comparing the detection mask from each method with the actual building footprint layer in raster format. Errors of omission and commission are colored with blue and red for easy identification.
The overall per-pixel accuracy, the kappa statistics, the detection rate, and the commission error [7] were calculated for each method and inset. These results are provided in Table 1 . As observed in these table, there was some accuracy variability across insets. Specifically, inset 1 was the most accurately classified into building and non-building by both methods with a per-pixel accuracy around 95%. This was due to the relatively high and large structure of multifamily buildings. On the other hand, insets 2 and 4 represented the most challenging area due to the relatively small size of single-family buildings and the high chance of occlusions by trees. In this case, the largest accuracy was under 90%. On the other hand, no significant differences in accuracies from the DHT and the RGS methods existed. In any case, differences did not always favored one method consistently, so that in the average both methods performed comparably. However, the most significant advantage of DHT over RGS was the saving in computation time, which was in the order of several hundred of times (data not shown). This is because the plane-fitting technique employed by RGS requires multiple matrix inversions, whereas the DHT method mainly involves convolutions operations which are computed efficiently [4] . Fig. 1 . Building detection results. Rows from top to bottom correspond to original gridded LiDAR data, actual building footprint, error map from RGS, and error maps from DHT, whereas columns from left to right correspond to subsets from inset 1 through inset 4, respectively.
Conclusions
This study proposed and tested the DHT as a tool for building extraction from gridded LiDAR data. The proposed building detection method used a multi-resolution ground filtering method based on the multiscale DHT, which is efficiently computed [5] . The detection of buildings consisted on a simple thresholding of an energy term of the rotated DHT. Results indicated that the DHT building detection method competes with a more traditional method based on plane-fitting region growing segmentation. The appealing advantage of the proposed approach seemed to be its computational efficiency, which is crucial for large scale applications. For instance, this technique can be used for small-area population estimation as in [6] . Further research should explore the optimality of parameter selection for both the ground filtering and the energy thresholding. Also, building occlusions by trees represent a big challenge, which demands alternate approaches. One of such alternatives would be the partial active basis model presented in [9, 1] , where Gabor wavelet elements could be replaced by Gaussian derivatives.
